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Abstract 
A growing imperative in climate change research is to understand the relative carbon 
balance of terrestrial ecosystems when they are perturbed by warming and other climate 
changes.  A key limit on potential carbon fixation by deciduous forests is growing 
season length, a variable know to be sensitive to temperature.  Models are a tempting 
method to untangle species’ budburst cues and forecast phenology under warmer 
climate scenarios.  I tested two models’ ability to recover parameters used to simulate 
budburst data.  The simpler model was cued only by spring warmth while the complex 
one modulated warmth requirements with chilling exposure.  For the simple model, 
parameters could be recovered consistently from some, but not all, regions of parameter 
space.  The complex model’s parameters were largely unrecoverable.  To understand the 
consequences of parameter uncertainty, I applied both models to an 18 year 
phenological record of 13 deciduous tree species.  While a few species fell into 
identifiable regions of the simple model’s parameter space, most did not, and projected 
budburst dates had wide parameter-derived uncertainty intervals.  These bands were 
wider still under a 5°C warming scenario.  Even greater uncertainty resulted from the 
complex model.  These results suggest that attempts to forecast the timing trees’ 
growing seasons, and therefore their potential for carbon fixation in warmer climates, 
should be treated with caution. 
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Changes in the onset of spring and uncertainty in 21st century 
terrestrial carbon sinks 
 
Carl Salk 
1.  Introduction 
Recent attempts to regulate atmospheric greenhouse gases give new urgency to 
understanding their sources and sinks (IPCC, 2007).  Fixed carbon is stored in many 
different pools in terrestrial ecosystems, from soil organic matter to tree trunks.  These 
pools are ultimately fed by a single process: photosynthesis.  Because they store so 
much carbon per unit area, forests play a key role in atmospheric greenhouse gas 
balance; understanding the function of trees in the face of climate change is crucial.  
Calculations by the Global Carbon Project based on global vegetation models estimate 
that 29% of anthropogenic CO2 emissions from fossil fuels and land use change are 
removed from the atmosphere by terrestrial vegetation (LeQuéré et al., 2009).  While 
terrestrial sequestration is an opportunity for carbon budget management in countries 
with extensive forests, such schemes must account for uncertainties in forest carbon 
fluxes to contain the risk of overshooting emissions targets (Lieberman et al., 2007).  
Terrestrial carbon accounting projections are complicated because forest carbon balance 
may not follow historical patterns under an altered climate.  This is caused by climate-
sensitive processes ranging from tree physiology to stand-replacing wildfires (Galik and 
Jackson, 2009).  Understanding the balance of these factors is central to projecting the 
forests’ utility in carbon sequestration.   
This report addresses direct climate impacts on one source of uncertainty in terrestrial 
carbon balance: growing season length.  The amount of time during a year that is 
available for photosynthesis is directly determined by the timing of leaf growth and 
senescence, also known as ‘phenology’ (Jolly et al., 2005).  While spring and fall 
phenology are equally important in terms of growing season length, they are not equal 
in their effect on carbon fixation.  In this respect, spring phenology is more important, 
and is the focus of this report.   Spring leaf growth happens closer to the summer 
solstice (when more light is available) than does autumn leaf drop (Harrington et al., 
1989).  In addition, young leaves have a higher capacity for photosynthesis than old, 
degraded leaves (Augspurger et al., 2005).   
Interannual variability of budburst timing is a source of trees’ resilience to climate 
change, and could provide a dampening feedback to increasing atmospheric CO2 
(Peñuelas et al., 2009).  Analyses of phenological records from the last 30 years show a 
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trend toward earlier spring events (Parmesan and Yohe, 2003; Menzel et al., 2006).  
Observations of earlier budburst are consistent with a response to late 20
th
 century 
warming, but extrapolation of such trends does not provide a robust basis for projections 
of future changes. 
Models based on underlying plant physiology are the best way to make plausible 
projections of future budburst dates (Morin et al., 2007).  Experiments have 
demonstrated that tree species do not necessarily have a linear relationship to warmer 
temperatures and shifts in budburst dates (Myking, 1997).  Many species have a safety 
mechanism that can only be unlatched by sufficient chilling exposure (Sarvas, 1974).  
This prevents early budburst during winter warm spells.  A chilling requirement has 
been included in many prognostic models of budburst timing that have been 
parameterized with multi-year observational datasets (e.g. Cannell and Smith, 1983; 
Chuine, 2000).  These models continue to be used to forecast shifts in trees’ leafing 
dates under climate change (e.g. Morin et al. 2008; Harrington et al. 2010), and have 
been used as inputs for projections of changes in carbon budgets (e.g. Picard et al., 
2005) or tree species distribution (e.g. Morin et al., 2007).  However, uncertainty in 
projected leafing dates is rarely if ever estimated.  Differences among these budburst 
models have substantive consequences for climate change projections.  A basic model 
that includes only spring warmth has only one possible response to increasing 
temperatures: earlier budburst.  However, models that include chilling can exhibit a 
range of complexity, even to the extent of later budburst with warming if chilling 
requirements are not met (Morin et al., 2008).  
A less obvious problem with phenological projections is uncertainty in parameter 
estimates (Magliavacci et al., 2008).  Phenological models necessarily use many 
parameters. Such models may not be useful if their parameters cannot be identified.  If 
there are multiple combinations of parameters that give a similar fit to data, an 
extrapolation to future climate using a single set of parameters could be misleading.  
Even if a model correctly reflects the biological process of budburst, it may not be 
possible to precisely estimate parameters because of insufficient length and year-to-year 
variability of phenological datasets.  Thus, a model may be biologically robust, but data 
limitations prevent it from revealing the underlying biology of tree phenology.  
However, reliable phenological projections could still be possible as long as the 
different sets of parameters give similar projections of budburst dates. 
Phenological responses to identical cues differ widely among species (Howard, 1910), 
so tree species are likely to show dissimilar responses to climate change.  Because it is 
unfeasible to individually evaluate all temperate tree species, finding patterns shared 
within evolutionarily or functionally related groups would broaden the impact of 
phenological studies.  This study examines budburst timing sensitivity in two 
physiologically contrasting tree types: those with ring-porous and diffuse-porous wood.  
These two wood types differ in xylem diameter.  Diffuse-porous species have narrow 
xylem, which conducts water inefficiently, but is less prone to disfunction, while ring-
porous species have wide and hydraulically efficient, but frost-sensitive, xylem (Tyree 
and Zimmerman, 2002).  This has implications for potential frost damage if spring 
development begins too early. 
In this report, I investigate the uncertainties in phenological forecasts, including the 
overlooked problem of parameter uncertainty.  Rather than selecting a single set of 
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optimal parameters as is typical for such studies, a realistic accounting for uncertainty is 
provided by estimating parameters’ probability distributions.  This is done by 
simulating budburst data with known parameters and real weather data under two 
models of different complexity from the phenological literature.  Estimation of the 
parameters is then attempted to gain a sense of what level of budburst date uncertainty 
exists in different parts of parameter space.  The same process of parameter estimation 
is then applied to 13 tree species native to the Midwestern USA.  This gives us the 
strongest possible context for interpreting species’ parameter distributions and budburst 
date uncertainties under climate change. 
The goal of this research is to address several questions: 
1) How recoverable are parameters under two commonly used phenological 
models? 
2) How are budburst dates likely to change in a warmer climate? 
3) How much uncertainty is there in such projections? 
4) Are species with different wood anatomies likely to respond differently to 
warmer temperatures? 
2. Methods 
2.1 Weather Data 
The weather datasets used in this study are maintained by the Illinois State Water 
Survey.  All weather data used in this study came from the station nearest to the study 
site, about 8 km to the southwest, in Champaign, IL.  The station is on the edge of the 
University of Illinois agricultural experiment fields, just south of the main campus.  
Daily mean temperatures from 1992-2010 were used in fitting parameters for 
phenological models.  The same data for 1901-1991 were used to generate budburst 
projections under different climate scenarios.   
2.2 Phenological Data 
The phenological observations were made by Carol Augspurger during the spring of 18 
years, from 1993-2010.  Observations were made in Trelease Woods, a ~24 ha forest 
fragment about 5 km northeast of Urbana, IL.  All observations are made on 
permanently tagged trees, ensuring that the same individuals were observed each year.  
The date of budburst was defined as the first day on which leaf tissue was visible 
emerging from at least 1/3 of a tree’s buds.  Observations were made at ~7 day 
intervals.  Dates for all trees in a given species were averaged to obtain a population-
level phenological date and help overcome the limitation of relatively wide observation 
intervals.  Further details are found in Augspurger and Bartlett (2003). 
2.3 Phenological Models 
There are many published models that generate projected budburst dates when supplied 
with weather data and appropriate parameters.  These parameters presumably reflect the 
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underlying physiology of a tree or species, but in practice they are not currently 
derivable from first biological principles.  In all models, warmth promotes budburst, an 
effect that is supported by multiple forms of evidence.  The simplest model requires 
only warmth to trigger leaf growth.  This basic relationship has been understood for 
over 250 years (Réaumur, 1735).  In its modern sense, this is sometimes called the 
‘spring warming’ (hereafter SW) model (Hunter and Lechowicz, 1992).  Some species 
have mechanisms to prevent premature leaf growth during brief winter warm spells.  
While these mechanisms are poorly understood, greenhouse and observational studies 
suggest that over-winter chilling exposure makes many species more receptive to 
warmth in spring.  To incorporate this effect, models include a tradeoff between chilling 
and warmth.  For the purpose of this report I focus on the chilling-forcing (hereafter CF) 
model of Cannell and Smith (1983) because its mathematical structure was presented in 
an easy to interpret way.  All abbreviations used in this section are summarized and 
defined in Table A1, and the parameters of both models are summarized in Table A2. 
A degree-day sum is at the center of both types of models.  The degree-day sum (DD) is 
a non-decreasing function of date, calculated from average daily temperatures with 
parameters of starting date (startdate) and threshold temperature (thresh):  t
startdate=d
yd,yd,y thresh)I(T=(t)DD   where Id,y=1 if Td,y>thresh and Id,y=0 otherwise. In 
this formula, t is the Julian calendar date, y is the year and Td,y  is the daily average 
temperature.   
Within the SW model, the expected date of budburst (BBE) is the first date satisfying: 
*t=BBEy  such that 
** DD>)(tDDy  
The optimum value of DD
*
 is a trivial function of the two other parameters and is 
calculated rather than estimated as a parameter.  The value of DD
*
 is invariant across 
years.  Thus there are a total of three parameters to estimate under this model, startdate, 
thresh, and σ, the variance on the error term from the model assessment phase (see 
section 2.2.4 below).   
The CF model uses the same degree-day calculation, but has a critical sum that 
decreases as a function of accumulated chilling:   
CD(t))hh(gg+ff=(t)DD  exp*  
where ff, gg and hh are parameters.  CD(t) is the accumulated number of chill days (CD) 
to day t: 
CD
y
(t )= ∑
d= 1 sept
t
L
d , y    where Ld,y =1 if Td<ct and Ld,y=0 otherwise. 
This adds another parameter, the chilling threshold (ct).  Following Cannell and Smith 
(1983), the starting date for degree-days was set to February 1, and for chilling days to 
September 1 in the previous fall.  This leaves a total of six parameters: thresh, ff, gg, hh, 
ct, and σ.   
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2.4 Model Assessment 
To assess the mathematical robustness of phenological models, I generated simulated 
data from known parameters.  Simulations were generated over the same years and 
same weather data as were used in the recovery of parameters from observations of 
actual trees.    I then attempted to recover the parameter values used in simulation using 
a Bayesian model.  This technique uses Bayes’ Theorem to find probabilities of 
parameter values given data.  This is an advantage over likelihood-only approaches 
which only allow computation of probabilities of data given parameters.   
Central to the Bayesian framework is the likelihood, used to assess both phenological 
models, which is a simple relationship between observed and predicted budburst dates: 
BBO
y
 – BBE
y
 ~ N(0,σ)  
where BBOy is the observational data (date of budburst in year y), and BBEy is the 
expected budburst date, a function of the weather in year y and the parameters of the 
specific model in use.  The parameter σ is the variance on a normally distributed error 
term with a mean of zero.  This relationship can be used to assess any model that 
generates predicted budburst dates. 
Bayesian calculations require prior distributions for parameter probabilities.  In this 
case, I used uninformative (flat) priors:  
p(σ) = IG(α=.1, β=1)  
p(thresh) = p(ct) = Unif(-∞,∞) 
p(startdate) = Unif(September 1
st
 of the previous year, ∞) 
p(ff) = p(gg) = p(hh) = Unif(0, ∞) 
In cases where these priors have limits, the limits are to keep parameters within 
reasonable bounds.   For the SW model, the parameter startdate wasn’t allowed to 
precede September 1 of the previous year and thresh was unbounded.  In the CF model, 
the parameters f, g and h were constrained to be positive.  For both the SW and CF 
models, the error term variance (σ) was modeled with a weak inverse gamma prior.  
This put a lower bound of zero on the variance, and allowed for efficient computation of 
its posterior probability distribution via Gibbs sampling.  In this case, the improper 
(unbounded on at least one end) priors are not a problem because the variance has a 
proper prior.  To estimate the (unknown) distributions of the parameters, I used the 
Metropolis algorithm (Metropolis et al., 1953) to sequentially sample the parameters’ 
posterior distributions.  This is known as Markov-chain Monte Carlo (MCMC) 
sampling.  Details of this process can be found in Clark (2006).   
Two-hundred sets of simulated budburst dates were generated from randomly chosen 
parameters and the weather data set from Champaign Illinois for both model types.  
These simulated data sets were 18 years long, from 1993 to 2010, the same duration as 
the Augspurger phenological data.  The parameters were selected so that simulated 
budburst dates were usually between mid-April and mid-May, as is typical for most 
deciduous species during normal weather years in Central Illinois. 
Parameters for simulation were chosen at random for each run.  Each run was initialized 
with a second set of randomly drawn parameters.  It was run for 20,000 steps.  The first 
 6
10,000 were discarded as burn-in.  Visual inspection of the resulting chains showed this 
to be a sufficient burn-in period.  All but every 10
th
 of the remaining steps were 
discarded to reduce autocorrelation and computational burdens.  The remaining 1000 
steps were used for all subsequent analyses.   
To assess these models for parameter recoverability the root-mean-square (RMS) error 
was calculated between the underlying parameter values used in simulation, and the 
elements of the thinned chain.  This calculation reflects both the accuracy and precision 
of parameter recovery. 
To assess the effects of parameter uncertainty on projections of leafing behavior under 
climate change, budburst dates were simulated for the 90 years from 1902-1991, years’ 
whose data was not used in model parameterization.  This process was repeated for all 
1000 sets of retained parameters.  The 95% central interval of these dates was computed 
as a measure of uncertainty in budburst dates under a particular model run.  As a simple 
climate change scenario, 5°C was added to all temperature observations in the 1902-
1991 weather dataset.  The value of 5°C was chosen as a warm but not extreme climate 
scenario based on the projections in the latest IPCC report (2007).  The procedure of 
budburst forecasts and credible interval calculations was repeated for this warmer 
scenario.  Also calculated was the mean temperature during the two weeks following 
budburst.  This was used as a measure of trees’ ability to phenologically track warmer 
temperatures, and maximize use of the period of growth permitting temperatures. 
2.5 Parameterization of models from observational budburst data 
To understand the consequences of parameter uncertainty on climate feedbacks, it is 
necessary to understand how native tree populations will react to warmer temperatures.  
To do this I used the MCMC sampling techniques described above to compute 
probabilities densities of budburst dates under different climate scenarios for 13 canopy 
tree species native to central Illinois, USA under the SW and CF models.  Details of 
these species are listed in Table 1. 
The MCMC routine was run similarly to the simulations for each combination of 
species and model.  To avoid initiation bias, each run began with a randomly drawn set 
of parameters. 
Table 1.  List of study species and their wood anatomy.  Family classifications 
follow Stevens (2001 onwards).  Wood anatomy classifications follow Perkey et al. 
(1994).   
Species Family Wood anatomy 
Acer saccharum Sapindaceae Diffuse porous 
Aesculus glabra Sapindaceae Diffuse porous 
Carya cordiformis Juglandaceae Ring porous 
Carya ovata Juglandaceae Ring porous 
Celtis occidentalis Cannabaceae Ring porous 
Fraxinus americana Oleaceae Ring porous 
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Gymnocladus dioicus Fabaceae Ring porous 
Juglans nigra Juglandaceae Ring porous 
Quercus macrocarpa Fagaceae Ring porous 
Quercus rubra Fagaceae Ring porous 
Tilia americana Malvaceae Diffuse porous 
Ulmus americana Ulmaceae Ring porous 
Ulmus rubra Ulmaceae Ring porous 
 
3. Results 
3.1 Simulated Data: Parameter Recovery and budburst Projections 
3.1.1 Spring Warming Model 
3.1.1.1 Parameter Identifiability and fit of Projections 
The recoverability of parameters from data simulated under the SW model varied 
greatly among runs as a function of the parameters’ values (Figure 1).  The following 
paragraphs report mean RMS error between parameters used for simulation of budburst 
dates and the posterior distributions of these parameters.  For brevity, this is referred to 
as ‘RMS error’.   
The RMS error for the parameter thresh had a median value of 3.08 °C across all runs, 
with a range from .591 to 319 °C.  This median is smaller than the range over which 
simulated parameters were drawn (0-10 °C), indicating differences among simulations 
were at least minimally detectable.  However, in some cases, RMS error exploded to 
huge values.  While data constrained thresh from becoming unreasonably high, no such 
constraint existed for low values; the MCMC algorithm sometimes wandered into a very 
low temperature range for thresh, leading to large RMS errors for that parameter. 
The startdate parameter was also recoverable under some circumstances with median 
error of 32.4 days (range 1.29 to 114).  While an error of a month is clearly inaccurate, 
it is still smaller than the 120 day range (1 December – 31 March) over which 
simulation parameters were drawn. 
The variance (parameter σ) had a median RMS error of 15.3 days2 (range 1.82 to 102 
days
2
).  The median value is smaller than the range of parameter simulation (between 4 
and 64 days
2
), indicating some useful recoverability. However, in 22% of simulations, 
RMS error of σ exceeded the value of that parameter, indicating poor recovery. 
While the low end of these ranges indicates that all parameters were precisely estimated 
in some runs, the high end values indicate that no parameter is universally recoverable 
under this model.   
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Figure 1. The relative difficulty of recovering parameters from data simulated 
under the SW model under various circumstances.  1A: RMS error of variance 
recovery as a function of variance parameter used in simulations.  Variance 
parameter values are generally most recoverable when this parameter’s value is 
small.  1B: Start date recovery error when simulated start date is in mid-winter 
(range shown equivalent to 10 Dec – 10 February) and threshold temperature is 
between 5 and 10°C.  Under these circumstances, startdate recovery is never 
particularly good.  1C: Recovery of parameter thresh typically becomes easier as it 
takes on larger values. 
Some parts of parameter space lend themselves to easier recovery than others.  
Generally speaking, when the simulated value of thresh was lower than 5° C it became 
much harder to recover than when it was higher (Figure 1c).  This was particularly true 
when the error term variance (σ) was high.  Startdate was difficult to recover as well.  In 
many cases when thresh was well identified, startdate remained difficult to determine 
(Figure 2).  Identifiability of startdate improved slightly when later values were used in 
simulation.   
RMS error between observed and predicted budburst dates ranged from 1.70 to 11.6 
days.  There was no detectable relationship between either thresh or startdate, but 
increasing σ led to a higher RMS error (Figure 3).   
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3.1.1.2 Climate Change Projections 
Within the SW model, sensitivity of budburst to warming depends on model 
parameters.  The parameter startdate drives most of this pattern, with later starting dates 
allowing less advancement of budburst under warmer temperatures (Figure 4).  
Depending on parameters, sensitivity to 5°C climate change ranged from 2.0 days to 48 
days.   
 
 
Figure 2.  The relationship between recovery of the thresh and startdate 
parameters under the SW model.  Even when startdate was difficult to recover 
(high error values), it was possible to recover thresh under some circumstances. 
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Figure 3.  Predictive error between observed and predicted budburst dates as a 
function of parameters used in data simulation.  Fit for variance: R2=.74, p<.001. 
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Figure 4.  Advancement in days of budburst date due to 5°C warming above 20th 
century conditions as a function of different parameter values under the SW 
model.  Lines show correlations with p<.05.  However, all R2 values were below .03. 
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Figure 5.  The width in days of the 95% central range of projected budburst dates 
from simulated data under the SW model.  “Amberr” refers to dates projected 
under 20th century temperatures, while “hoterr” refers to error in projected dates 
with 5°C added to the same temperature data. 
Parameter uncertainty caused variability in projected budburst dates on the 1902-1991 
temperature dataset.  At 20
th
 century temperatures, the mean within-year 95% central 
range of budburst dates due to parameter uncertainty was 5.4 days.  With temperatures 
5°C hotter than the 20
th
 century, mean projected budburst date uncertainty increased to 
11.0 days (Figure 5).   
 
3.1.2 Chilling-Forcing model 
3.1.2.1 Parameter Identifiability and Fit of Projections 
Parameter recoverability from data simulated with the CF model was generally difficult.  
Most parameters had a median RMS error somewhat smaller than the scale over which 
they are generated, indicating some slight hope of useful parameter recovery.  All 
parameters had instances of low RMS error.  However, for all parameters except σ, 
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RMS error sometimes exceeded the range over which simulation parameters were 
drawn by an order of magnitude (Table 2). 
Table 2.  Quantiles of parameter recovery error using simulated data for the six 
parameters of the CF model. 
 Parameter 
Quantile thresh ct  ff gg  hh σ 
0 .392 .0945 15.5 114 .00117 1.37 
.025 .673 .395 20.0 715 .00202 2.67 
.5 2.06 14.5 78.3 2250 .0635 27.0 
.975 23.5 39.5 292 5260 .179 68.2 
1 40.9 56.1 363 5850 .253 81.4 
 
Unlike the SW model, few clear patterns of parameter identifiability were seen (Figure 
6).  However, due to the computational difficulties of a six dimensional parameter 
space, it is possible that patterns exist that simply weren’t uncovered.  As with the SW 
model, there was a clear trend toward higher RMS error in all parameters with 
increasing σ (Figure 6). 
RMS error of observed vs. predicted budburst dates was similar to the scale found in the 
SW model, ranging from 1.66 to 13.9 days.  As under the SW model, there was no 
relationship between any parameter and predictive error except for the σ term (Figure 
7). 
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Figure 6. All parameters used in simulation of data under the CF model (x-axes) 
plotted against recovery errors of all parameters.  Lines indicate correlations with 
p<.05. 
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Figure 7.  The relationship between parameters used to simulate data under the CF 
model and RMS error of budburst predictions.  The line for the variance term 
represents a significant correlation with p<.001 and R2=.57. 
 
3.1.2.2 Climate Change Projections 
Under the CF model, projected sensitivity to 5° C warming varied wildly as a function 
of parameter values.  Warming effects on budburst date ranged from a 56 day 
advancement, to a 25 day delay (Figure 8).  A delay in budburst date due to warming is 
possible under this model because less chilling exposure leads to greater degree-day 
requirements.  The upper limit of about 25 days advance of budburst date shown in 
Figure 8 is an artifact of the model.  A starting date of 1 February for degree-day 
calculations was used in this model in accordance with the model of Cannell and Smith 
(1983); see methods section.  However, as found for the SW model, maximum possible 
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budburst advancement due to warmer temperatures is strongly tied to the starting date 
for counting degree-days (see Figure 4).   
 
Figure 8.  Sensitivity of budburst date to 5°C warming above 20th century 
conditions as a function of parameter under the CF model.  Lines indicate 
correlations with p<.05. 
Uncertainty in parameter recovery led to a substantial increase in projected budburst 
date uncertainty.  Under 1902-1991 temperatures, the mean within-year 95% central 
range of budburst dates was 9.4 days.  When 5°C was added to this temperature dataset, 
this budburst date uncertainty increased to 30.3 days (Figure 9).   
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Figure 9:  The width in days of the 95% central range of projected budburst dates 
from simulated data under the CF model.  “Amberr” refers to dates projected 
under 20th century temperatures, while “hoterr” refers to error in projected dates 
with 5°C added to the same temperature data. 
 
3.2 Parameter Identifiability and Budburst Projections from Observational 
Data 
3.2.1 Spring Warming model 
 Under the SW model, the identifiability of parameters varied widely among 
species.  The 95% credible interval (CI) for the posterior distribution of the parameter 
thresh was generally wide, from a minimum of 3.9 °C for Quercus macrocarpa to a 
maximum of 168.6 °C for Carya ovata (Figure 10).  About half of the species had 
median values of thresh within the physiologically plausible range (above 0°C).  These 
species also had the narrowest CIs.  The remaining species had very low and wide CIs 
for thresh.  Extremely low values of thresh indicate that this parameter is measures time 
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passed, rather than total temperature exposure, suggesting that simple thermal time sum 
alone is not a realistic model of  how these species determine budburst dates.   
 For the startdate parameter, the posterior CI width ranged from 5 d for 
Gymnocladus dioicus to 220 d for Ulmus rubra, with most species having wide 
intervals.  The three species with well identified values of startdate also had values of 
thresh in the realistic range (Figure 10).  However, some species with well identified 
thresh values had startdate estimates that covered the entire winter period when 
temperatures are consistently below the value of thresh.  As with the findings from 
simulations, the startdate parameter is unrecoverable under these conditions.  The 
variance parameter was generally better behaved, and had a smaller and narrower CI 
when one or both of the other parameters were well identified.   
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Figure 10.  Median parameter estimates (horizontal bars) and 95% credible 
intervals (vertical bars) for posterior distributions of parameters under the SW 
model.  Parameter ranges are truncated for clarity.  For species without visible 
values for the threshold temperature, the entire credible interval falls below the 
truncation at -11°C.   Species with codes written in black have ring-porous wood 
anatomy.  Species with grey codes are diffuse-porous. 
 Using the 20
th
 century weather dataset, the mean modeled budburst dates for the 
various species ranged from April 4 (Aesculus glabra) to April 24 (Fraxinus americana; 
Figure 11).  Consistent with the observational data on these species (Augspurger et al., 
2005), Aesculus was the earliest species, with buds opening on average 10 days before 
the next species.  The uncertainty around these dates was generally smaller in species 
with better identified parameters, ranging from 2 to 11 days.   
 When the temperatures in the weather dataset were increased by 5°C, all species 
showed a shift to earlier budburst dates.  The extent of this shift differed greatly among 
species, with mean advancement ranging from 4 d (Carya ovata) to 26 d (Quercus 
macrocarpa; Figure 11).  The differences in budburst shifts among species resulted in 
Aesculus glabra losing its place as the consistent first species to break bud; under the 
warmer scenario, it had virtually the same mean budburst date (in late March) as Acer 
saccharum, Celtis occidentalis and Quercus macrocarpa.  The within-species range of 
budburst dates due to parameter uncertainty increased for most species under the 
warmer scenario.  Some species, particularly those with narrow budburst CIs under the 
20
th
 century climate scenario and small changes in budburst date under + 5°C, showed 
little or no increase in the width of their budburst date CI under the warmer scenario.  
However, the remaining species added between 5 and 17 days to their budburst 
uncertainty window, with the CI for Acer saccharum expanding to 27 days (Figure 11). 
Most species failed to phenologically keep up with rising temperatures.  Only Quercus 
macrocarpa, which had the most extreme shift in mean budburst date in response to 
warming, showed a tiny (.2 °C) decrease in its mean temperature exposure during the 
two weeks following budburst (Figure 12).  Other species showed an increase in post-
budburst temperature ranging between .5 and 4 °C.    
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Figure 11.  Projected budburst dates for 13 tree species under 20th century and 
elevated (20th century +5°C) temperatures under the SW model.  Horizontal bars 
show mean budburst dates.  The black bars correspond to 20th century climate 
and the grey bars  to the warmer scenario.  Vertical lines show the 95% central 
range of budburst date values associated with model parameter uncertainty.  
Species codes written in black indicate ring-porous wood.  Species with gray codes 
are diffuse-porous. 
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Figure 12. Temperatures during the two weeks following budburst for 13 tree 
species under 20th century and elevated (20th century +5°C) temperatures under 
the SW model.  The black bars correspond to 20th century climate and the grey 
bars to the warmer scenario.  Horizontal bars show mean post-budburst 
temperatures, and vertical lines show the 95% central range of post-budburst 
temperature associated with model parameter uncertainty.  Species with codes 
written in black have ring-porous wood anatomy.  Species with grey codes are 
diffuse-porous.   
3.2.2 Chilling-Forcing model 
Under the CF model, parameters were generally not well identifiable for most species.  
The parameter thresh was identified within a physiologically reasonable range for 
Celtis, Juglans and the two Quercus species, all of which had similar parameter 
identifiability under the SW model.  Other species had unrealistically low values (and 
wide CIs) for this parameter.   
The chilling threshold parameter (ct), below which chilling days are counted, had high 
values for nearly all species.  The value of this parameter that is often uncritically 
accepted in the literature is 5°C (but see Worrall, 1993).  Only four out of 13 species 
 22
had this value within their 95% central credible intervals (Figure 13).  All species had 
values of this parameter topping out above physiologically (and meteorologically) 
meaningful ranges.  While counting any temperature below 40°C as ‘chilling’ is clearly 
ridiculous, such parameter values could still tell us something about the regulation of 
phenology.  When the ‘chilling’ threshold is very high, every day is counted as a chill 
day, and this parameter is relegated to simply charting the passage of time, as would be 
the case if photoperiod was the dominant safety mechanism.  It is also important to note 
that when the value of the parameter hh is relatively high, very few chilling days are 
required to reduce the CF model to essentially the same form as the SW model, so high 
values of ct in this circumstance have no meaning. 
The parameter ff was generally identified to within a relatively narrow range (Figure 
13).  This represents the total number of degree-days needed to burst bud when the 
chilling requirement is essentially satisfied, a quantity that was calculated directly under 
the SW model.   To the extent that variation was seen in this parameter, it was typically 
trading-off with the thresh parameter.   
The additional degree-days required to burst bud when no chilling exposure has accrued 
are represented by the parameter gg.  This parameter had a very wide CI for nearly all 
species (Figure 13; note log scale of y-axis for this parameter).  However the value of 
gg is largely meaningless when the parameter (hh) that mediates decay rate as a function 
of chilling of is relatively large (i.e. >0.1).  This was the case for all but two species, 
Carya ovata, and Tilia americana. 
While most of these parameters were poorly identified for most species, they still traded 
off with one another to produce sensible budburst projections (Figure 14).  Indeed, the 
mean values and relative timing of the species differed little from the projections of the 
SW model, with most species bursting bud on average in late April, except for Aesculus 
glabra which is consistently a few weeks earlier than other species.  However, the 
projections resulting from the CF model generally had wider credible intervals due to 
parameter uncertainty than those generated with the SW model.  As under the SW 
model, projected budburst dates were much earlier, but also less certain, under the 5°C 
warming scenario.  A similar (but not identical) list of sensitive species virtually caught 
up with Aesculus glabra to form a group of phenologically precocious species (Figure 
14).  However, no species completely tracked the climate change scenario, with all 
showing at least a slight increase in the average temperature following budburst (Figure 
15).   
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Figure 13. Median parameter estimates (horizontal bars) and 95% credible 
intervals (vertical bars) for posterior distributions of parameters under the CF 
model.  Parameter ranges are truncated and ff, gg, and hh are plotted on a log 
scale for clarity.  For species with no visible values for the chilling threshold (ct), 
the entire credible interval falls above the truncation at 31°C.   Species with codes 
written in black have ring-porous wood anatomy.  Species with grey codes are 
diffuse-porous. 
3.3 Comparison of fits by model type 
While the preceding sections have shown that parameters can be quite difficult to 
identify under standard budburst models, it is still of interest to compare the basic fits of 
the models as would be done in a typical phenological study.  Typically the selected set 
of parameters is the one with the ‘best’ fit, which can be defined in many ways.  Here, I 
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selected the set of parameters with the lowest RMS error between observed and 
predicted budburst dates from among the 1,000 retained sets of parameters for each 
species under each model type.  As a point of comparison, I also show a null model 
(‘photoperiod’) under which budburst is assumed to happen on the same date each year.  
The SW model was able to improve over the photoperiod model in all cases, 
particularly for species that had high variability among years (Table 2).  The CF model 
was sometimes a slight improvement over the SW model, but it typically had a worse 
fit, and occasionally had a slightly worse fit than even the null model.   
Table 3. Minimum root-mean-square (RMS) error of observed vs. predicted 
budburst dates under different model types.  The numbers for the SW and CF 
model represent the lowest error rate (i.e. best fit) of the 1,000 sets of parameters in 
each species’ MCMC chain from the previous sections.  The ‘Photoperiod’ model 
assumes that budburst happens on the same day every year.   
 RMS error (days) by model type 
Species CF SW Photoperiod 
ACSAc 7.7 7 9.8 
AEGLc 3.4 2.7 5.6 
CACOc 4.2 3.6 5.7 
CAOVc 6.3 6 6.2 
CEOCc 4.6 4.7 9.4 
FRAMc 4.5 3.2 5.8 
GYDIc 4 2.2 6.4 
JUNIc 4 2.8 7.1 
QUMAc 3.6 3.6 9.2 
QURUc 2.8 3 7.4 
TIAMc 5.3 3.6 5.7 
ULAMc 3.6 3.4 5 
ULRUc 6.3 5.3 5.7 
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Figure 14. Projected budburst dates for 13 tree species under 20th century and 
elevated (20th century +5°C) temperatures under the CF model.  Horizontal bars 
show mean budburst dates.  The black bars correspond to 20th century climate 
and the grey bars to the warmer scenario.  Vertical lines show the 95% central 
range of budburst date values associated with model parameter uncertainty.  
Species with codes written in black have ring-porous wood anatomy.  Species with 
grey codes are diffuse-porous.   
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Figure 15. Temperatures during the two weeks following budburst for 13 tree 
species under 20th century and elevated (20th century +5°C) temperatures under 
the CF model.  The black bars correspond to 20th century climate and the grey 
bars to the warmer scenario.  Horizontal bars show mean post-budburst 
temperatures, and vertical lines show the 95% central range of post-budburst 
temperature associated with model parameter uncertainty.  Species with codes 
written in black have ring-porous wood anatomy.  Species with grey codes are 
diffuse-porous. 
3.4 Uncertainty of overall growing season length 
Under typical central Illinois conditions, leaf senescence begins on 8 October for an 
average forest tree (C.K. Augspurger, unpublished data).  This date is used here as a 
basis for calculating relative changes in growing season length under the budburst 
scenarios discussed in the previous section.   
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For the SW model, warming by 5°C hastened mean budburst dates between 4 and 26 
days, depending on species.  This is equivalent to a 2.2% to 15.6% increase in growing 
season length.  The 95% credible interval around these dates due to parameter 
uncertainty ranged from 1.1% to 5.9% of the growing season under 20
th
 century 
conditions, and from 1.8% to 13.1% under the 5°C warmer scenario. 
Among species, the projected mean hastening of budburst with 5°C warming under the 
CF model ranged from 10 to 23 days.  This amounts to an increase of between 6% and 
14% in the amount of time trees have for photosynthesis during a growing season.  
Under the 20
th
 century climate scenario, species’ parameter-derived CI width ranged 
from 2.4% to 5.0% of the growing season.  Under the increased temperature scenario, 
this uncertainty became much larger, ranging up to 15.7% of the growing season for 
Acer saccharum.   
4 Discussion 
This report has presented a case study of uncertainty in temperate tree function under 
climate change.  It has addressed the overlooked problem of uncertainty in phenological 
models’ parameter estimates, and shown that this problem can be substantial, even when 
relatively long (18 years) datasets are available.  The relationship between parameter 
uncertainty and precision of projected budburst dates is complex, but the clear message 
is that parameter uncertainty does matter. 
The inability of the more complex CF model to improve over the SW or even in some 
cases the null ‘photoperiod’ model suggests it is of very limited use in projecting future 
budburst dates.  While no formal model selection was attempted here, it is clear that the 
CF model would fail almost any selection criterion.  There may be several (non-
exclusive) reasons for this failure.  The first is the extreme difficulty of exploring high-
dimensional parameter spaces.  However, longer MCMC runs attempted on some 
species showed qualitatively similar lack of parameter identifiability under the CF 
model (results not shown).  Another is that the exact form of the CF model may be 
physiologically incorrect.  In any case, such budburst models struggle with some of the 
same difficulties that would result from simple extrapolation of current budburst trends: 
namely, the danger of extrapolating beyond the range of available data. 
Ultimately, uncertainty in growing season length as projected here is substantial enough 
to affect the overall carbon balance of the terrestrial biosphere.  This report, and all 
other credible reports of which I am aware, suggest that tree growing seasons will 
lengthen in a warmer climate.  Thus, temperate forests will certainly have more time 
available for CO2 uptake.  However, the level of uncertainty in these projections limits 
the extent to which longer growing seasons can be relied upon under carbon accounting 
schemes.  Because the goal of atmospheric greenhouse gas management is to make the 
probability of some level of warming very small, calculations cannot be based on mean 
or median values, but rather an extreme quantile corresponding to acceptably small risk 
values (Lieberman et al., 2007).  In the case of a small variance and narrow credible 
interval, extreme quantiles do not matter so much.  When uncertainty is higher, as 
observed here, extreme values cannot be ignored. 
The dramatic shift to earlier budburst with warmer temperatures was unexpected in ring 
porous species given the sensitivity of their water transport system to frost-induced 
dysfunction.  This brings up the counterintuitive possibility that frost risk may increase 
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with global warming, particularly if weather fluctuations become more extreme, as is 
predicted by some models (IPCC, 2007).  Increased frost damage due to poorly timed 
leaf growth may erase any photosynthetic gains due to longer growing seasons 
(Augspurger, 2009).  These possibilities, and the projective uncertainties demonstrated 
by this research, highlight the need for basic mechanistic understanding of budburst 
physiology in trees. 
While species-level uncertainties in growing season length mostly below 10% may 
seem small, they could have a disproportionate influence on the carbon balance of 
forests.  A recent study has found that a 20% phenological difference in growing season 
length corresponded with about a 50% change in annual net ecosystem productivity in a 
forest in Indiana (Dragoni et al., 2011).  While the mechanism for this relationship was 
not explored, it could be that trees need a certain percentage of the growing season just 
to ‘break even’ in terms of productivity, as is seen in alpine plants (Körner, 1999).  
Thus, the uncertainties reported in this study could have disproportionate impacts on 
tree and forest productivity. 
Climate change can perturb forest carbon balance in many ways.  The basic physiology 
of trees is sensitive to temperature.  Many biochemical processes underlying 
photosynthesis are faster under warmer temperatures (Way and Oren, 2010).  However, 
this benefit may be neutralized by quick re-acclimation of photosynthesis to ambient 
temperatures (Gunderson et al., 2010).  Respiration, or the physiological re-conversion 
of photosynthates to CO2, can also reverse carbon gains from various sources.  The 
conventional view of respiration is that it doubles with every 10 °C increase in 
temperature, posing obvious problems in a warmer climate.  However, recent studies 
have shown that trees down-regulate respiration in the face of warmer temperatures on 
the scale of a few days (e.g. Lee et al., 2005).  Complete local destruction of forests can 
be caused by fire or insect outbreaks, both of which may be exacerbated by warmer 
weather (Kurz et al., 2008; Westerling et al., 2006).  Extreme weather can have similar 
impacts.  Carbon released from trees damaged and killed by Hurricane Katrina is 
estimated to be equivalent to a year of CO2 fixation for all forested areas of the United 
States (Chambers et al., 2007).  This research has added uncertainty in growing season 
length to this list.     
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Appendix – Clarifying tables on models and abbreviations 
Table A1.  Acronyms, symbols, abbreviations, and parameters used in this report. 
 
Abbreviation Meaning Units 
σ Error term variance from both the CF and SW models. days2 
BB Budburst (date) – the date on which leaf tissue emerges from 
opening buds. 
days (Julian) 
BBE Expected budburst date days (Julian) 
BBO Observed budburst date days (Julian) 
CD Chill days – the observed number of days with mean 
temperature below ct 
days 
CF Chilling-forcing model – the more complex of the two models 
investigated in this report. 
NA 
ct Chilling threshold – a parameter that mediates the mean daily 
temperature below which chill days (CD) accumulate in the CF 
model. 
°C 
DD Degree-days – The time-integrated exposure to temperatures 
above the threshold ‘thresh’ 
°C·days 
DD* Critical DD sum – The accumulated number of degree days 
required to induce budburst.
°C·days 
ff A parameter mediating the tradeoff between chilling and 
warmth exposure in the CF model.  This parameter can be 
thought of as the minimum number of degree-days to which a 
tree must be exposed in order to break bud when the chilling 
requirement is well satisfied. 
°C·days 
gg A parameter mediating the tradeoff between chilling and 
warmth exposure in the CF model.  This parameter can be 
thought of as the additional number of degree days above ff 
required to cause budburst when a tree has been exposed to no 
chilling. 
°C·days 
hh  A parameter mediating the tradeoff between chilling and 
warmth exposure in the CF model.  This parameter can be 
thought of as the steepness with which the degree-day 
requirement decreases with each additional day of chilling. 
days-1 
Id,y An indicator that is equal to one if the daily mean temperature 
on day d in year y is greater than thresh and equal to zero 
otherwise. 
unitless 
IPCC Intergovernmental Panel on Climate Change NA 
Ld,y An indicator that is equal to one if the daily mean temperature 
on day d in year y is less than ct and equal to zero otherwise. 
 
MCMC Markov-chain Monte Carlo NA 
RMS Root mean square NA 
startdate The date after which DD accumulation begins. days (Julian) 
SW Spring warming model – the simpler of the two models 
investigated in this report. 
NA 
Td,y Mean daily temperature on day d in year y. °C 
t Date Days 
thresh Temperature threshold above which degree days are 
accumulated 
°C 
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Table A2.  A summary of the parameters included in each model and the numerical 
values which they may take. 
 
Model Parameter Units Parameter range 
Spring Warming 
(SW) 
startdate days (Julian) Lower bound: September 1st of 
the previous year; no upper 
bound imposed in the MCMC 
routine 
thresh °C No limits imposed in MCMC 
routine
σ days2 All positive numbers allowed 
Chilling-Forcing 
(CF) 
thresh °C No limits imposed in MCMC 
routine 
ct °C No limits imposed in MCMC 
routine 
ff °C·days All positive numbers allowed 
gg °C·days All positive numbers allowed 
hh days-1 All positive numbers allowed 
σ days2 All positive numbers allowed 
